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Abstract— Efficient algorithms for reduction operations
across a group of processes are crucial for good performance
in many large-scale, parallel scientific applications. While
previous algorithms limit processing to the host CPU, we
utilize the programmable processors and local memory avail-
able on modern cluster network interface cards (NICs) to ex-
plore a new dimension in the design of reduction algorithms.
In this paper, we present the benefits and challenges, design
issues and solutions, analytical models, and experimental
evaluations of a family of NIC-based reduction algorithms.
Performance and scalability evaluations were conducted on
the ASCI Linux Cluster (ALC), a 960-node, 1920-processor
machine at Lawrence Livermore National Laboratory, which
uses the Quadrics QsNet interconnect. We find NIC-based
reductions on modern interconnects to be more efficient
than host-based implementations in both scalability and
consistency. In particular, at large-scale—1812 processes—
NIC-based reductions of small integer and floating-point
arrays provided respective speedups of 121% and 39%
over the host-based, production-level MPI implementation.
In addition, the standard deviations in timings for the NIC-
based reductions were as much as two orders of magnitude
smaller than for the host-based reductions

Keywords: Cluster Computing, Reduce, Aleece, Quadrics
QsNet, NIC-based operations, collective communication

I. INTRODUCTION

performance evaluation studies show that large-scale sci-
entific simulations spend up to 60% of their time executing
reductions [1]. In-depth analysis of the scientific workload
at Lawrence Livermore National Laboratory shows similar
results [2]. Consequently, faster reduction algorithms can
substantially shorten the run times of many scientific
applications.

Development of efficient reduction algorithms has
proven to be a rich area of research. Reduction collectives
entail both communication (data transfer) and process-
ing (data reduction operations), and therefore efficient
implementations must consider the characteristics of the
network, the processor, and the interactions between them.
Over the years, many researchers have dedicated signifi-
cant effort to derive optimal and scalable algorithms [3],
[4], [5], [6], [7], [8]. However, with respect to the under-
lying system characteristics, all of this work commonly
assumed reduction processing must be performed by the
host CPU.

Network interface cards (NICs) for modern cluster in-
terconnects, such as the Elan3 used in Quadrics QsNet [9],
provide programmable processors and ample memory.
This added capability allows more functionality to be
delegated to the NIC processor. The terhmsst-based
and NIC-basedare used to indicate where functionality

Reduction collectives are essential components of manys implemented. The focus of this paper is on the imple-
high-performance computing (HPC) applications. Recentmentation of NIC-based reduction. That is, we examine
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the process of delegating both the communication andvarying message sizes and destination sets, and address
the data-processing tasks of reduction collectives to thelow control, acknowledgment collection, and reliability.
network interface card. These studies take different approaches to meeting these
This article makes the following contributions. First we requirements, still the authors generally conclude that
discuss the benefits of NIC-based reduction, and describenodern NICs are capable of executing multicast more
the design issues and solutions we developed. We theefficiently than host-based implementations.
present a detailed model to analyze and predict the perfor- The work most closely aligned with our own is that
mance of reduction algorithms on the Quadrics network.of Buntinas and Panda [18]. They investigated the poten-
Finally, we present experimental evaluations to validatetial of NIC-based reduction on clusters connected with
our analytical model and examine the scalability of our Myrinet [19]. In particular, they modified the network
algorithms. drivers to implement binary AND and OR operations,
From this work we show that NIC-based reduction and integer and floating-point addition of a single 64-bit
exhibits better scalability and improved consistency overvalue via binomial trees. For these cases they found that
host-based algorithms. This is especially true for classeNIC-based reduction has better scalability than host-based
of reductions that are frequently used in large-scale, parreduction, and yields performance gains in clusters with
allel scientific applications. For example, for summation as few as 8 nodes. While their implementation provides
of single-element vectors of 32-bit integers and 64-bit some additional flexibility, they leave the investigation of
floating-point values over 1812 processors of the ASCImore complicated reductions as future work.
Linux Cluster (ALC) [10], NIC-based reduction was, re-  This paper picks up where their work left off. We
spectively, 121% and 39% faster than with the production-investigate the use of different communication patterns and
level, host-based MPI library. Moreover, the standarda range of data sizes for an expanded set of reduction op-
deviations in timings for the NIC-based case were as mucterations, as well as an optimization for multi-element data
as two orders of magnitude smaller than those for the hostvectors. In addition, we propose an accurate parameterized
based case. model which can be used to analyze and select the best
implementation for a given instance of a reduction. Finally,
Il. RELATED WORK we test our implementations at a dramatically increased

) ] i . scale, running on a machine using as many as 906 nodes.
Huang and McKinley were possibly the first to realize

the potential of NIC-based collectives [11]. They examined 1l
the use of implementing broadcast and barrier operations

on Asynchronous Transfer Mode (ATM) network adapters NIC-based collectw_e_s have both advantages and d'S.'
to avoid the excessive processing overhead incurred ir?dvantages over traditional host-based approaches. This
the software protocol stack. To maintain portability to section first discusses the relevant benefits and challenges

even the most limited ATM devices, Huang and McKinley of NIC-based approaches. We the.n detail our particular
placed rigid restrictions on the processing and memorydeSIgn goals and development environment.
requirements of their algorithms. Specifically, their algo-
rithms were table-driven and performed a small number ofA. Benefits of NIC-based Reduction
arithmetic and logical operations on a few scalar variables. On modern interconnects, NIC-based collectives are
Even with such limitations, these NIC-based collectivessignificantly faster than host-based versions. Efficient col-
scaled significantly better than host-based versions. lective implementations typically require a set of nodes to
Modern cluster interconnects removed the software bot-exchange a series of related messages. In host-based im-
tleneck from the protocol stack by using zero-copy, user-plementations, each message in the series must be passed
level protocols. However, the same interconnects havebetween the host processor and the network interface via
also dramatically reduced wire and switch latencies inlO-bus transactions. NIC-based implementations, on the
the network, so that now just the cost of transferring other hand, handle messages immediately at the NIC,
data between the host CPU and the network interfaceeliminating transfers through the IO bus. Since 10-bus
contributes significant overhead. At the same time thetransfers constitute a significant fraction of the overhead
processing capability and memory available on networkin modern cluster interconnects, and because collectives
interface cards have increased. Consequently, NIC-baseithvolving many processes entail many messages, NIC-
collectives are still valuable and their implementation is based collectives scale substantially better than host-based
now more practical, which leads researchers to investigat@ersions as the size of the cluster increases. To date, most
ever more complex NIC-based operations and algorithmsNIC-based research has focused on this advantage [12],
Several recent studies have considered NIC-based mul20], [18], [13], [14], [11], [15], [16], [17].
ticast algorithms [12], [13], [14], [15], [16], [17]. Mul- Another advantage of NIC-based collective operations,
ticast is a complex operation which must accommodatewhich has thus far been overlooked, is that they perform
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more consistently than host-based implementations. The Our design goal was to support NIC-based implementa-
host CPU is typically required to multitask processes othertions of the standard MPI reduce and allreduce collectives
than the application’s, such as operating system daemonfor 32- and 64-bit integer and floating-point data types,
and resource management threads. Unfortunately, to seeach having minimum, maximum, and summation opera-
vice another process, the operating system may deschedutemns. We seek to improve threduction latencyby which
application processes at critical times. Descheduling ave mean the time from when the first process enters the
process involved in a collective delays the completionoperation to when the final result is delivered to its final
of the operation. This interference is stochastic, and thedestination.

chances for such delays worsen with increases in both

the frequency of collectives and the number of processed. Targeted Development Environment

involved. This effect is particularly dramatic in large- We implemented NIC-based reduction on the Quadrics
scale clusters and has been shown to cause a slowdow@sNet network, a modern cluster interconnect technol-
of 50% or more in tightly-synchronized applications [1]. ogy [9]. QsNet is based on two building blocks: a pro-
The NIC, on the other hand, is essentially dedicated togrammable network interface card called the Elan3 [21],
the application and so avoids most of the interference[22] and a low-latency high-bandwidth communication
associated with multitasking. Thus NIC-based collectivesswitch called the Elite [23].

are able to execute with more consistent times than host- The Elan3 resides on the PCI bus and provides an

based collectives. interface between the network and a processing node that
contains one or more CPUs. The Elan3 provides a user-
B. Challenges of NIC-based Reduction programmable, multi-threaded, 32-bit, 100 MHz RISC-

Even though the NIC carries out the actual collective in Pase€d processor; 64MB of local SDRAM, an MMU, and

NIC-based implementations, the host must communicateOt_her sophisticgted processing f_eatures. The_ purpose of all
to the NIC, among other information, what operation is this hardware is to engble the |mplem_entat|on of.hlgher—
to be done, which data are to be processed, and when th'é?"?' message processing protocols without requiring ex-
operation is to start. Also, the NIC must notify the host p“_?rt_] m'I[EelrveSnt(ljc_Jn_dfrom the host CF;U f fixed
of the operation’s completion and deliver any final results. € Elans divides messages Into a sequence of fixed-

Such host-NIC synchronization overheatiminishes the length transactions for efficient transfer through the net-
- ; - ; ; work. The primary communication primitive supported by

gains provided by implementing NIC-based collectives. :

However, this overhead is relatively small and is not of the network is the Remote DMA (RDMA). RDMAs allow

: for one-sided data transfer between remote processes, i.e.,
major coneern. th te process need not explicitly participate in the ex
A more important issue to consider is that of the NIC € remote process need not explicitly participate eex-

processor’s capability. The user-programmable processo?h?n?e' Transfter oggratlons 'nCIUd;P(\;Vv?.CE transfers

on the NIC is considerably slower than the host processmda a 1o a remote address space, afd,svnich acquires
(more than 25 times slower on ALC). This difference data from a remote address space. Both operations can
limits the complexity of the collectives and algorithms that 3¢¢€SS either host- or NIC-level memory.

may benefit from NIC-based implementations. To com- The ‘underlying network is circuit-switched and uses

plicate matters further, the NIC processor typically lacks sogtrcr:a-based wtor(;n_hole fr?l:t'ng't It lconS|zs£tls AOf EII'Itte
functionality present in the host processor. For example,sw'c. €s connected In a lat-tree topology [24]. An Elite
rovides eight bidirectional links, each with a raw band-

there is no hardware-based floating-point support on the®"
Quadrics Elan3. The limitations o? Ft)he NICp?)rocessor width of 400 MB/s (325 MB/s at the MP! level) and a full

proved to be the most challenging issue encountered ir%:rOSSbar.SW'tC.h with a low 35ns cut-through latency.
The Elite switch also provides hardware support for col-
our work. . s ) ) :
lective communication, including barriers and broadcasts,
CoT ted Desian Goal which is remarkably fast and scalable [25]. In fact, the cost
’ .arge ed besign oals S to broadcast a message to all nodes is comparable to the
Given the NIC processor limitations, much of the re- cost of sending it to just one. This broadcast hardware sup-
search in NIC-based work so far has concentrated orport makes the implementation of the allreduce algorithms
collectives which involve little processing. Collectives trivial—an efficient reduce, followed by a broadcast from
such as barriers, broadcasts, and multicasts simply requirghe root, provides an efficient allreduce. For this reason

intermediate nodes to pass on the received message as {ge will focus our attention on just the reduce phase in the
possibly with minor data restructuring. Because so little rest of the paper.

processing is required, these algorithms incur little penalty

from running on slower processors, and the overall results IV. DESIGNISSUES ANDSOLUTIONS

have been quite successful. This success inspired us to While host-NIC synchronization overhead poses some
investigate more complicated cases, namely reductions. concern, the primary challenges faced when developing



NIC-based reduction are the limitations of the NIC proces-B. NIC Processor Functionality
sor. In this section, we describe the issues we encountered The first major obstacle to satisfying our design goals
along with the solutions we developed to overcome them.yas the lack of hardware support for floating-point opera-
tions on the Quadrics Elan3 processor. The NIC processor
offers only integer instructions so floating-point operations
must be emulated in software. Efficient emulation of
A. Host-NIC Synchronization Overhead floating-point operations meeting all of the various repre-
sentations, rounding methods, and exceptions standardized
The host must perform several tasks to delegate an the IEEE 754 floating-point specification is not trivial.
reduction operation to the NIC. This includes writing the To solve this problem, we ported the SoftFloat [26] library
application data to and reading the final result from NIC to the Elan3. SoftFloat implements |IEEE-754-compliant
memory; informing the NIC processor of what operation floating-point operations via integer and bit-wise logic

to perform, what data type to use, and the number ofinstructions. It is designed to be efficient, and it is open
vector elements to process; and providing the NIC withsource and freely available.

lists of communication partners and intermediate data

buffers. Th_e host must also instruct th(_a NIC when to start~  N1C Processor Speed

the operation, and the NIC must notify the host of the . . L

operation’s completion. Such host-NIC synchronization 1he_biggest obstacle faced in designing NIC-based

introduces overhead, but its cost can be minimized and/of€ductions is the speed of the NIC processor. Direct
hidden. comparison of the clock rate of the Elan3 processor, at

one-hundred megahertz, to that of a typical host processor
in the multi-gigahertz range shows an order of magnitude
difference in processor speeds. The gap is wider when ex-

a_mount of physical data wntfcen to the NIC_:‘ Where_pos- ecuting floating-point operations, which must be emulated
sible, we referred to collections of data items using Qi software

single index parameter. For example, we grouped inter- To gain intuition on the communication and computa-

hme<:|ate data butffersfmt«:hannelst W?'Cbh ﬁenabiﬁd th‘; tion characteristics of the Elan3 and host processors, we
0st processor 10 TEIer 1o a Set of bullers through ag, ., implemented a simplistic reduce algorithm referred
single channel number. A similar technique was used Wlth,[0 as serial reduction In this algorithm the root of the

the _data struc_turt_as that list the gommumcatloq p.artnersreduction is solely responsible for receiving and reducing
Typically, applications repeatedly iterate over a limited set Il of the data. In a group P nodes, thé P— 1) non-root

of communication patterns. Thus we used some portion 0ﬁodes simultaneously send their data to a corresponding

NIC memory as a cache so the host processor could rEfeI[?DMA buffer at the root. The root waits until it has

to com_munic_ation data stryctures previously copied o thereceived all of the messages and then reduces the data
NIC with a simple cache-line number. in serial order. The reduction is completed when the root
Additionally, many data items assume limited ranges, SOsignals the group with a hardware-based broadcast.
only a few bits are needed to encode their value. For ex- serjal reduction tests involving 2-13 nodes for various
ample, 8 or 16 different channels and 16 or 32 cache slotgeduction operations and data sizes produced Fiflre 1.
will often be more than enough. We packed the channelrigureI(g) shows the host-based serial reduction latencies,
and cache-line numbers along with the type of collective,while Figure I{B) shows the NIC-based times. Each figure
e.g. reduce or allreduce, the reduction operation, e.g. 32provides the latencies of 32-bit integer addition and 64-
blt integer addition or 64'b|t f|0ating-p0int maXimUm, and b|t ﬂoating_point addition for one- and two_e|ement vec-
the vector size into a Single 32-bit value Using bit maSkS.tors_ Also Shown is a NOP Operation Wh|Ch performs no
We also worked to hide the host-NIC synchronization computation. Since the latency for a NOP serial reduction
overhead. The benefits of NIC-based reduction are gainedonsists only of communication costs, it represents a
when a node must receive, process, and then send Bwer bound for the reduce algorithm with respect to
message. In the case of a reduction tree, this corresponds ttmmputation.
just the intermediate nodes. At the leaves, which only send In comparing these two figures, it is immediately ob-
data, and the root, which only receives and processes dat&jous that NIC-based reductions depend significantly on
NIC-based reduction provides no benefit, and the associthe reduction operation as well as the reduction vector
ated host-NIC synchronization only gets in the way. By size, while host-based reductions are largely independent
using NIC-based reduction only during intermediate stepspof both. In the NIC-based graph, simple operations scale
host-NIC synchronization costs can be largely removedconsiderably better than more complicated ones: compare
from the critical path. We found that this technique can integer addition to floating-point addition. Also, even fast
cut host-NIC synchronization overhead by more than half.operations are sensitive to small changes in data size:

By eliminating redundant information, we minimized
host-NIC synchronization overhead by reducing the



50 - D. Simple Operations and Small Data Sizes
Float64 2 Adds

45 1 Float64 1 Add NIC-based reductions will perform well only for simple
Int32 2 Adds operations and small data sizes. The slow NIC processor

40 T Int32 1 Add illb hel d if qi hi l

e NOP will become overwhelmed if given anything more compli-
351 cated. This is a tight constraint on the class of reductions
30 where NIC-based implementations may be valuable. How-
25 | ever, a large majority of the reductions posed by practical

programs fall within this class.

Reductions involving simple operations on small data
sizes are the prevalent case in many scientific applications.
e Researchers have verified this claim across a collection

Microseconds

20 A

s e of large-scale scientific programs covering a range of
0 N application domains [27]. That collection includes linear
2 3 4 5 6 7 8 9 10 1 12 13 systems solvers, simulators for gas dynamics, particle

and photon transport, and shock-wave analysis. In further
support of this, we profiled the MPI allreduce operations
(a) Host-based performed during the execution of SAGE [28]. SAGE is
representative of scientific applications running on large-
scale parallel clusters in the ASC program. The results are

. Float64 2 Adds ShO\.Nn in Figur¢ p. T .
45 1] Float64 1 Add Figure[2(d) shows the distribution of reduction operator
40 1l ::ngﬁggs types. Note that only two simple data types are used by
—e_NOP SAGE: 32-bit integers and 64-bit floating-point numbers.
8 Additionally, only a few simple types of operations are
B 30 1 used, namely, minimum, maximum, and summation. Typ-
%25 1 ical reductions thus require limited processing functional-
8. | ity.
=% Equally informative is Figurg¢ 2(b), which shows the
1 cumulative distribution of the data sizes for both integer

of all reductions use three or fewer elements and all
l! reductions use eight or fewer.

2 3 4 5 & 7 8 9 10 1 12 13 Together, these two figures imply that typical reductions
involve simple operations on small vectors. Thus, while
the NIC processor provides limited capability, it is the
common case reduction which stands to benefit from NIC-
based implementations.

NeE——g—& & ¢ and floating-point data types. The data reveal that 95%
5
0{

(b) NIC-based

Fig. 1. Serial reduction latencies
E. f-nomial Trees — Generalized Binomial Trees

Communication structures in efficient reduction algo-
rithms tend to balance message processing time with

observe integer addition for one- and two-element vectorsMessage latency. For simple operations and small data
Each curve in the host-based graph, on the other hand, lie&Z€S, message processing time in host-based reductions

on or just above the NOP curve, implying that computation S dependent only on the communication costs, while it
is insignificant compared to communication. is affected by the communication costs, the reduction

operation, and the vector size in NIC-based implemen-

That the NIC processor is slower than the host processotations. Thus, while a single communication structure will
was already understood, but it is now clear that thissuffice for efficient host-based reductions, the slow NIC
difference is substantial, since computation costs mayprocessor demands a range of communication structures
be comparable to communication costs. While efficientfor efficient NIC-based reductions. For this work, we chose
host-based reductions may be designed considering onlyo implementf-nomial trees (a.k.a&-nomial trees), since
communication, designs for NIC-based reduction are morehey provide such a range of communication structures
complicated because they must also account for computaby generalizing binomial trees, a well-known reduction
tion. communication structure.



algorithmic communication structurg;-nomial trees are

EMIN somewhat uncommon so some discussion is called for.
100 L ;"S’m Here we describef-nomial trees starting from a quick

review of the operation of binomial trees, from which
the generalization is trivial. Also, although messages in
reduction trees collapse to the root node, it is easier
to describe the structure of a tree as it expands. For
convenience of description assume the goal is to broadcast
a message from the root to all nodes in the tree.

The operation of binomial trees can be described as
follows. Starting from the root, the broadcast message
is distributed through a series of communication phases.

— During each phase, each node with a copy of the message
0 sends it to another node which does not have a copy, so

80 -

60 -

40

Reduce Operations (in 1000s)

20 -

INT 32 FLOAT 64

by the end of each phase, the number of nodes holding
a copy of the message is doubled. Thus, in a binomial

(@) Operator type distribution tree, the number of nodes the message can reach grows as
a power of 2 (hence the prefix “bi”) with the number of
phases.

An f-nomial tree generalizes this algorithm so that,
during each phase, each node with a copy of the message
sends to(f — 1) others who do not, as opposed to just
one. For instance, during the first phase, the root sends
the broadcast message f¢ — 1) children. By the end
of the first phase, the root and it — 1) children all
hold a copy of the message, for a total fohodes. In the
second phase, each of thet@odes becomes a parent to
(f —1) children who have yet to receive the message. By
the end of the second phase, the message spreads from the
DINT 32 f parent nodes to each of theif — 1) children, reaching
atotal of f+ f(f —1) = f2 nodes. In general, the number
of nodes the message can reach grows as a powgr of
1 2 s 4 5 6 7 8 with the number of phases.

Vector Elements

Our reduction algorithm is based on this communication
structure. However, since we implement reduction rather
than broadcast, messages collapse to the root rather than
expand away from it.

As a concrete description of afi-nomial reduction,
consider Figur€]3, which shows a graph representing a 4-
nomial tree covering a set of 16 nodes. In this example, the

Binomial trees are commonly used in reduction algo- goal is to reduce data distributed among the 16 nodes and
rithms because they have two useful properties, 1) theyplace the result at the root node 0 using a 4-nomial-tree
have a regular structure, so they are easy to implementgommunication structure. The arcs in the graph connect
and, 2) they keep many nodes involved throughout thecommunication partners and are labeled with the phase
collective, so they are well parallelized. In fact, binomial humber in which the corresponding communication takes
trees are known to be optimal communication structuresplace; all messages travel upward from children to parents.
for reduction in synchronous networks [4], i.e., those in During the first phase of the 4-nomial algorithm, parent
which the sender and receiver incur the same cost fohode 0 receives and reduces— 1) = 3 messages from
message transfer (latency plus processitfighomial trees  nodes 1, 2, and 3; while likewise, nodes 4, 8, and 12
generalize binomial trees to add a third valuable property:simultaneously receive and reduce data from their own
they provide a range of communication structures, so onghree children. At the end of the first phase, the distributed
may selectively balance message processing time againgfata has been partially reduced and localized to the four
message latency. parent nodes 0, 4, 8, and 12. The algorithm completes

While the goal is not to dwell on presentation of a new after the second phase when node 0 receives and reduces

Percent

(b) Vector size distribution

Fig. 2. Profile ofMPI_Allreduce operations in SAGE



F. Vector Split Optimization

NIC processors are slow, so it is desirable to keep as
many of them working as possible in order to utilize their
collective processing power. Often it is worthwhile to do
a little extra communication in return for a substantial
reduction in computation. In other words, computationally
intensive NIC-based reductions should be highly paral-
lelized.

e@ For multi-element vectors, we can increase parallelism
through an optimization proposed by Van de Geijn [29].
Basically, the idea is to split the reduction vector and
distribute the pieces to distinct groups of nodes. The
groups then reduce the pieces in parallel and combine the
results to form the fully-reduced vector in the last step.
Presented with this optimization, there are two options to
reduce multi-element vectors: 1) reduce one large vector
serially through a single tree, or 2) reduce smaller pieces
of the vector in parallel with many trees. The second
approach requires extra communication to distribute and

1/1 1

Fig. 3. 4-nomial Reduction over 16 Nodes

$ @\ recombine the pieces of the vector. However, if com-
FaWANS %ﬁi@ %% Bo Bo oo putation is expensive, significant savings are gained by
VAR IVAN processing the pieces in parallel.

Degree 2 é Degree 3 Degree 4 As an example, which is diagrammed in Figyre 5,

(Binomial) (Trinomial)

assume we would like to employ this optimization to

M W reduce a two-element vector across eight nodes. The vector

Slelele 0 6doo 00600 elements are shown as small rectangles located adjacent
TN N N S | J

00000000 to circles representing the nodes on which they reside.

pearee® pearee® Degree 7 As indicated by the dotted line that bisects the circles
m horizontally in the left section of the figure, the group of

r 000 . . . ..
Degree 8 %iwo S eight nodes is first split into two groups of four. Then the

top element of the vector is distributed to the top group of
four nodes and the bottom element to the bottom group. To
Fig. 4. f-nomial Trees of Varying Degrees covering 16 Nodes do this, nodes pair up with a partner in the opposite group
and send it the appropriate vector element, as represented
by the arrows in the diagram. The nodes then reduce
the partial results from the three, now child, nodes 4, 8,the element received from their partner with their local
and 12. Thus, in two communication phases, the 4-nomiakcopy of the corresponding element. At this point, the
tree is able to perform a reduction ovér = 16 nodes. top group contains all information about the top element,
f-nomial trees offer a range of communication struc- and the bottom group contains all information about the
tures to select from through choice of the degree of thebottom element. Once this distribution is complete, the two
tree f. For example, Figur€]4 showg-nomial trees of  groups simultaneously perform group-wise reductions on
various degrees, all which cover 16 nodes. This flexibil- the element assigned to them. This is represented by the
ity allows one to trade off between communication and dotted boxes shown in the middle section of the figure.
computation costs. Each level of the tree corresponds tdrinally, as shown in the right section of the figure, the
a communication phase, while the width is related to thetwo fully-reduced elements are recombined to produce the
amount of computation any one processor is required tdully reduced, two-element vector.
do. Communication-bound reductions will favor wide trees  This optimization was added to the basfenomial
in order to minimize the number of tree levels, and thusalgorithm to create a new algorithm we cgitnomial
the number of communication phases. Computation-boundplit. At the beginning the vector is recursively split in
reductions will fare better with tall trees which better half a specified number of times, with the pieces being
parallelize the processing. The best choice for the degredistributed among the appropriate number of groups. The
of the tree depends on the relative costs established by g@-nomial tree algorithm is then used within each of the
particular problem. Sectidn|V will illustrate how to choose groups to reduce the smaller pieces in parallel. The root
the optimal degree analytically. of the f-nomial tree in each group will receive a fully-



[ Parameter | Meaning |

MODEL PARAMETERS

C constant due to initial overhead
L message latency
Problem: reduce [ x8 r(M) reception cost of a message of size M
c(M, OP) reduction cost of a message of size M, dependent
reduce T x 4 on the operation OP
O O - O O - - O O P number of nodes
= =
E‘TO O (E} OO OO TABLE |
o0

0

588528921788

reduce C1x 4

Hence, regardless of the number of nodes involved, the
cost of message latency is suffered only once. On the
other hand, the root receives and reduces each message
serially, which introduces reception and reduction cost on
a per node basis. With these observations, we defined the
Fig. 5. Vector Split Optimization model parameters as listed in Tafgle I. Throughout the rest
of this paper, the functional parametevs (message size)
and OP (reduce operation) will typically be suppressed
reduced piece of the vector, which is then sent to thefom the various terms.
primary root of the overall reduction during the last step.  This model modifies the LogP model [30] to better
The improvement due to this optimization proved to be a4dress the needs of this work. The parametées used
dramatic and is discussed in Sectjon VI-B. Essentially, itj, place of o, the cost to receive a message, and the
allows NIC-based reductions to scale substantially bettefparameterg is represented a8 + c), the time required to
than they Othel’Wise W0u|d haVe fOI‘ |arger vector SiZeS. fu”y process a message_ Wh"e param@tehfnu'taneous'y
represents both send and receive overhead in LogP, it is
V. ANALYTICAL MODELS renamedr for clarity since it is only used to account

In this section, we apply analytical models to the for receive overhead here. Also, the parametes split

design of efficient NIC-based reductions. Simple mode|!© Separate that part oj which is dependent solely
parameters are introduced and used to describe quantitati@ Message size;(M), from that part which is also
differences between host-based and NIC-based reduction§€pendent on the reduction operatiari), OP). The

Then the model parameters are applieg-toomial reduc- ~ Message Iatenpy, the reception costs, and the reduc.tion
tions in order to find the best degrgeto use for a given costs may all differ between host-based and NIC-based im-

reduction problem. plementations. These redefinitions allow one to explicitly
account for those differences with dedicated parameters.
Additionally, sincer andc may be general functions of the

A. The Model Parameters message size, one may better model nonlinearities, such

The sharp linear trend observed in Figliie 1 permitsas data packetization and caching, which are relevant for
accurate modeling of serial reduction latencies using justsmall data sizes.

a slope and intercept. Furthermore, the serial reduction With this model it is simple to describe the linear form
algorithm will serve as the basic building block to more of the serial reduction latency curves:

sophisticated tree-based algorithms. Given an accurate

mcfdel for the building block%, one can piece together a Teerial(P) = C+ L+ (P = 1) (r+¢).
model for more sophisticated algorithms. Thus, the slope This expression is shown pictorially in Figyrg 6, which
and intercept of the serial reduction latency curves aredepicts a timeline of the events required for the root node
sufficient to quite accurately predict the performance ofof the serial reduction to receive and redu@@ — 1)

any other proposed algorithm. vectors.

Continuing in this direction, it is instructive to define  To assign numerical values to the parameters, the values
the slope and intercept in terms of more meaningful of » andc were extracted from the serial reduction data for
parameters. To account for the linear trend, we recall thevarious values of\/ and OP. The termsL and C' were
implementation of the serial reduction algorithm: all nodesfit to the data, andP is given for a particular problem.
simultaneously send their data to the root, which receivesNote that whiler is dependent on the message size in
all, and then reduces all messages in serial order. Sincgeneral, it turns out to be constant for the cases we are
the nodes send to the root simultaneously, all messageisiterested in—reductions involving vector sizes of only a
worm their way through the network to the root in parallel. few elements, say up to eight, which all fit into a single

Split w/ Local Reduce Parallel Partial Reduce Combine Partial Results



reductions due to host-NIC synchronization costs. Finally,
c L o . . . the computation costs are much higher for the NIC-based

> R reductions.

(P-1) incoming messages to root

Fig. 6. Model of Serial Reduction Latency

B. Modeling f-nomial Trees

For a given problem we would like to be able to choose
the bestf-nomial tree analytically, so now we apply our
64-byte, fixed-length RDMA transaction on the Quadrics model to the proposed algorithm. Since the root node of an
network. Thus, whether the problem involves one-elementf-nomial tree is involved in every phase of the algorithm,
vectors or eight-element vectors, the receive time is thethe latency of the entire operation may be predicted by
same—the cost to receive one 64-byte packet. focusing on the work the root node must do. Assuming
To provide some context of typical model parametera full tree, an f-nomial tree generatekg, P phases,
values, communication and initialization values are givenduring each of which the root hdg — 1) children. Each
in Table[T] and computation values are listed in Tgblg I1l. phase will be of the linear, building-block form of the
serial reduction algorithm previously discussed. In other
words, the critical path consists of a series log, P

[ Parameter | Value | [ Parameter [ Value | serial reductions, each involving nodes. Thus, inserting
rL g-jg rL S-‘llg T.erial(f) as derived in the previous section, and adjusting
c 5701 ¢ 60 for initial overhead, one arrives at the following as a model
of the f-nomial reduction latency:
(a) Host-based (b) NIC-based
TABLE I T (P f) & C+ Tapiar(f) - logy P

Q

COMMUNICATION AND INITIALIZATION PARAMETER VALUES (1) CH+[L+(f-1)-(r+0c)]-log; P.

An example application of the model to intermediate
phases is shown pictorially in Figufe 7. In this figure the

[Operation | 1-clem [ Z-elem [ 4-elem | B-elem | two hor_izontal timejines represent two intermec_iiate parent
Ini32 Max 0031 003 007 013 nodes in thef-nomial tree, the bottom node being one of
Int32 Add 0.02 0.03 0.06 0.13 the children of the top node. To start, the initial overhead,
Floated Max| 0.04 | 007] 014 028 C, is encountered in parallel across all nodes as a one
Floatb4 Add | 002] 006] 012] 016 time cost. Then, after waiting for timé, the two parent

(a) Host-based nodes each receive and reduce the data from ftfeir1)

children of the first phase. Starting the second phase, the
bottom node, now a child to the top node, immediately

Operati T-el 2-¢l 4-el 8-el . . ) X .

[ Operation | 1-efem | 2-clem [ 4-elem | 8-elem | sends its partial result to its parent. Again, after time
Int32 Max 0.27 0.46 0.84 1.60 . .
Int32 Add 025 0441 076 142 the_ top node receives and reduces the datf':l fror(rflt_sl)
Float64 Max 0.67 1.27 2.44 4.80 children of the second phase. The reduction continues as
Float64 Add | 150 | 295] 580 1156 the top node, now a child to some higher node, sends its

(b) NIC-based partlal result to its parent to begin the third phase, which
is not shown.
. full o . .
TABLE Il Given the model forT’; " . (P, f), it is straightfor

ward to compute the optimal degreg to use for a
particular problem. Basically, the goal is to find that value
of f which minimizes the following expression:

COMPUTATION PARAMETER VALUES (uS)

These numbers demonstrate many of the design issues
previously mentioned. First, the message latericyor T;:(lfnzial(P’ f) = C+[L+(f—1)-(r+c)]logsP.
NIC-based reductions is less than that for host-based =~
reductions. This highlights the savings in PCI-bus transac-
tion costs. Second, the overhe@ds higher for NIC-based  To do so, first the derivative of /*!! (P, f) is taken

fnomial



Phase 2

(f-1) incoming messages

ﬁncoming messages

Fig. 7. Model of f-nomial Reduction Latency

with respect tof:

ngull

af fnomial(P’ f)

0
~ 87‘}[{0 + Tserial(f) ' lng P}

OTseria dlog, P
8fl<f)'10gfp+feerial(f)'aj{
_OL+(f—=1)-(r+0¢)]
= a7 -[In P/1n f]

HLH (- (o)
In P
Z[(T+C)]'[W]
In P
+[L+(f—1)'(7“+0)]'[—m]
In P In P
:(r—&-c)-m—[L+(f—1)~(r+c)]-m.
Then this expression is set equal to zero dnid isolated:
In P In P
(r+c)-m—[L+(f—1)~(r+c)]-m:O
In P In P
f-Inf-(r+c) L+(f-1)-(r+¢
frlnf = L/(r+o+(f-1)
f-mf—f = L/(r+c¢—1
f-(nf-1) L/(r+¢)—1.

The above expression gives the best valug¢ tuf use given
L, r, and c. Since this is a transcendental expressifn,

10

1 2 3 4 5 6
Degree f

Fig. 8. Plotoff-(Inf—1)andL/(r+c)—1for L =2.10us,r =
0.42 us, and various:

Only integersf > 2 produce validf-nomial trees. For
intersection points which are between two integers, one
must choose the best of the two. For the values used for
L andr, note that the best degree may fall anywhere in
the range[2, 6] depending on the value of The upper
bound is reached somewhere between 5 and 6 whken.

Note whenf = 6, a parent node receives 5 messages so
that the reception costs accumulate to exactly balance the
message latency, » = L. As computation cost increases,
the best degree decreases.

It is interesting to consider the rangk 2]. Values of f
smaller than 2 do not produce meaningfuhomial trees.
However, if we choose some arbitrafyin this range, say

f = 1.5, to substitute back intd{"" . (P, f), we arrive
at:

ull
ijnomial (P’ ]‘5)

~C+[L+((1.5) = 1) (r+c)] -log s P
=C+[L+0.5(r+c)]-log, 5 P.

When compared to binomial trees, this value foforo-
duces trees which have more communication phases, since
log, 5 P > log, P, in return for reduced amount of recep-
tion and computation cost8,5- (r +¢) instead of(r + ¢).
Thus, trees in this range do more communication to save
on computation. This is the range in which optimizations
like the vector split are valuable.

C. Refining the Model
The expression fo]*!!

fnomial

(P, f) was derived assum-

must be solved for numerically by finding the intersection ing a full tree, i.e., assumingpg; P is an integer. The

of f- (In f — 1) with the functionL/(r + ¢) — 1. In our
case,L andr are constants, andwill be determined by

expression for an arbitrary number of nodes is more
complex. When the number of nodes is not an integer

the operation and data size of a particular problem. Afterpower f the root may not have a full set of children
settingL = 2.10us andr = 0.42 s, values corresponding during the final phase. In this case, the root still incurs
to NIC-based reduction, we plotted the intersection ofthe message latency cobtwhile waiting for the data of

these two functions for various values @fn Figure[$§,

the last phase to arrive, however, there will be fewer than
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nodes with 1.0 GHz Pentium llls and the Quadrics QsNet

network. Scalability analysis was performed on the ALC

located at Lawrence Livermore National Laboratory. The
f=3P=16 109,(16) = 252 ALC uses 960 dual-processor nodes with 2.4GHz Xeons
Full Phases = FLOOR[2.52] = 2 Total Phases = CEILING[2.52] = 3 and the QuadriCS QSNet network.

(3-1) = 2 children in each full phase CEILING[ 16/3%—11] =1 child in last phase

A. Implementation and Testing Details

This section provides details about the implementation
and testing methods relevant for proper interpretation of
the results given in the following sections.

First, each node implements NIC-based reduction us-
ing a single thread running on a single NIC, regardless
of the number of local host processes. When multiple
host processes are involved on a single node, the host
processor is used to first reduce the local data vectors in
Fig. 9. Application of Reduction Latency Model to 16-Node 3-nomial shared memory before initiating the NIC-based portion of
Tree the algorithm. In NIC-based reduction, one accepts the
increased computational cost associated with performing
reduction processing on the slower NIC processor in return
for elimination of extraneous data transfers between the
host and network. However, if a collection of data is

the full set of(f — 1) messages to receive and reduce. A
more detailed analysis will show that:

Tinomial(P, f) =~ C+L-[log; P|+ already located in host memory, one may as well use the
(r+c) (f—1)|log, P| + faster host processor to reduce it. In addition to the obvious
llog, P] f computational savings, less data needs to be sent through
(r+c)- [P/fEoes 7 —1]. the PCl-bus.

Second, for timing purposes, a barrier was inserted
between each of the NIC-based reductions in order to
serialize consecutive invocations. Since QsNet provides
a hardware-based barrier mechanism, such barriers keep
the distributed nodes very tightly synchronized. Although
latency cost incurred from each phase of the tree. The lastUch Synchronization is not required for reduction, the

measurement procedure is simplified since there is no need

two (r+c¢) terms together sum the reception and reduction iy k
costs incurred for processing each child. Of these two!© WOrTy about pipelining effects due to nodes starting the

terms, the first counts the number of children processed'€Xt operation before the previous one has completed.
in the full phases, while the second counts the number 1hird, for host-based reduction we used the reduce
of children in the final phase, if less than a full set. An collective from the vendor-provided, production-level MPI

example given in Figurg]9 demonstrates how these termdbrary. The MPI implementation internally delegates the
apply to a 16-node, 3-nomial tree. work to a reduction function, calledlan_reduce(), pro-

With this expression fofnomial (P, f) it is nontrivial vided in the lower-level Quadrics Elan library [21]. The

to express the best degrgein terms of the other model Elan algorithm, in turn, performs a reduction via a 4-ary

parameters. However, in practice the best degree tends {see followed by a hardware-based broadcast of the result.

be small, so a small set of values may be evaluated nu:I'his trailing broadcast simultaneously serves as a global
merically to find the best one. This approach is illustratedSYnchronization step and acts to extend the reduce into an

graphically when the model is validated in Secfion VI-C. allreduce. Thus, thelan_reduce() function implements
allreduce rather than reduce, as used in the NIC-based

reduction. Even so, the tests remain fair because the cost
V. EXPERIMENTS of the barrier inserted between each of the NIC-based
Various versions of thef-nomial algorithm were im-  reductions offsets the cost of the broadcast that completes
plemented for experimental purposes. Results from theseach of the host-based reductions.
tests are presented in this section to validate design choices Finally, when taking measurements, we found a large
and to illustrate the benefits of NIC-based reduction. Thevariance in the reduction latency from one invocation
algorithms were developed and initial performance evaluato another, especially for host-based reductions. Unless
tions were taken on the “crescendo” cluster at Los Alamosotherwise stated, the reported reduction latency as the
National Laboratory, which consists of 32 dual-processoraverage latency over 100,000 iterations.

Here log; P represents roughly the number of phases
in the f-nomial tree. In particulaflog, P] is the total
number of phases, whilglog, P| is the number offull
phases, i.e., those in which the root has a full sétfof1)
children. The term involvingl. accounts for the message
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Fig. 10. f-nomial Split on Various Vector Sizes for 64-bit Floating-Point Fig. 11.  Predicted and Measured NIC-based Latencies for 64-bit
Addition over 512 Nodes Floating-Point Addition over a 31-Nodg-nomial Tree

B. Validating the Vector Split Optimization Van de Geijn discusses the details in [29].

By increasing parallelism in NIC-based reductions the
vector split optimization can save significant computation C. Validating the Model angf-nomial Trees
costs at the expense of additional communication. This N|C-based reduction latency is dependent on the degree
section validates this claim. of the f-nomial tree used. In order to pick the best

The performance of the NIC-basgenomial split algo-  nomial tree, we would like to rely on our model. This
rithm for 64-bit floating-point addition on 512 nodes was section illustrates the accuracy of the model and the impact
measured for various vector sizes. The results are shown iaf changingf for a given problem.
Figure 10, where the horizontal axis represents the number Figure[I], shows predicted and measured NIC-based
of recursive splits the vector undergoes before its piecesf-nomial reduction latencies as a function of the degree
are reduced througji-nomial reduction. One splitimplies ¢, The plots correspond to 64-bit floating-point addition
that the vector is broken into halves, two splits implies on a 31-node system using vectors sizes of 1, 2, 4, and
quarters, and so on. Data points are not shown if theg elements. Here, the refinettnomial tree model from
corresponding reduction vector contains fewer elementgection[ V-G uses the NIC-based parameter values given
than pieces implied by a given number of splits. in Section V-A, which were derived from serial reduction

The effect of the vector split optimization for multi- tests on crescendo.
element vectors is quite pronounced. After three recursive The figure indicates that the model predicts NIC-based
splits, the 8-element latency is improved by nearly a factorreduction latencies with high accuracy. For instance, when
of three, while for four recursive splits, the 16-element choosing among NIC-based-nomial trees, the model
case is over three times faster. The trend suggests that theorrectly indicates that a degree of 4 is best for 64-bit
larger the vector, the greater the benefit. floating-point addition of 1-element vectors, and a degree

Although the vector split optimization enables NIC- of 2 is best for 2, 4, and 8-element vectors. Although not
based reductions to scale better than they otherwise woulgdhown here, the model also accurately predicts host-based
have, there is still a limit on the performance it can reduction performance. This allows us to extrapolate al-
achieve. Note that a latency of 14® for a 16-element gorithm scalability and consider trade-offs between design
reduction may still be much more than what a host- choices analytically. This is important because the problem
based implementation could provide. And, interestingly, parameter space is large and opportunities to run tests on
one may note that the latency for a two-element vectorlarge-scale clusters are rare.
actually increases slightly after one split. This of course Note how the degree of the-nomial tree affects reduc-
will happen if the total savings in computation is less tion latency. Small vectors, which require less processing
than the added communication cost of the distribution andtime, lead to curves that are essentially flat for the de-
recombination steps. However, the crossover point can bgrees tested, while larger vectors tend to heavily favor
computed to always choose the better of the two optionslower-degree trees: compare the one-element curve to the



eight-element curve. Additionally, although not shown,
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- 4 -MPI_Reduce 2P/Node
reduction operations simpler than floating-point addition 69 1| —¢MPI_Reduce 1P/Node -
strongly favor higher-degree trees. Such variation does not N o2 2P oce
exist in host-based reduction, where message processing NIC Int32 Model P
time is effectively independent of both the vector size and 120 -
the type of computation being performed. gmo
§ 80 e Py
D. Latency Measurements s . P
We timed the latencies for host-based and NIC-based P e %
reduction over a variety of operations and data sizes, 4 /l *
using both one and two processes per node. We found o
that NIC-based reductions are capable of completing with ol
lower latencies than host-based versions. To illustrate this 16 3 o4 128 056 12 906
point we show the single-element vector results obtained Nodes
for host-based and NIC-based 32-bit integer addition in
Figure [I2(d) and 64-bit floating-point addition in Fig- (a) 32-bit integer addition
ure[I2(D). In all measurements we consider a 4-nomial
tree, which provides the best performance for the config-
urations used in the experiments. 180 I MP Reduce 2P/Node
The NIC-based implementations scale considerably bet- 160 | —® MPI_Reduce 1P/Node .
. NIC Float64 2P/Node ‘
ter than the host-based ones. Indeed, as one may infer from 140 NIG Float64 1P/Node
the 32-bit integer addition plot, our NIC-based implemen- NIC Float64 Model
tation was able to perform simple integer reductions in "% ¢
about half the time it took the host to do so. Furthermore, §1oo
even with the cost of emulating floating-point addition on ~ § " ,
a much slower processor, the NIC-based implementation = . -
was able to substantially outperform the host-based re- e e
duction. When reducing over 906 nodes, we were ableto 4] ..---$ " o
obtain latencies as low as 46 for integer operations and 2 .
a slightly higher time of 6ps for floating-point. In the ‘
largest configuration tested—1812 processors—our NIC- 0~ ‘ ‘ ‘ ‘ ‘ ‘
16 32 64 128 256 512 906

based algorithm summed single-element vectors of 32- Nodes
bit integers and 64-bit floating-point numbers in .83
and 118s, respectively. These results represent respective
improvements of 121% and 39% over the host-based,
production-level MPI library. Fig. 12. Host-based and NIC-based reduction latencies for single-
We also note that system noise does have an effect ifflement vectors
NIC-based reductions. This is apparent when comparing
the latencies recorded for the case of two processes per
node to those obtained for one process per node, and whdatencies than host-based implementations. In our tests,
comparing the performance predicted by the model to thehe host-based latencies varied substantially from one
actual measurements. The NIC-based implementation ignvocation to another. The best time recorded for an
subject to host-level process interference during the time iindividual invocation was about three times better than the
takes the host processes to initiate the reduction operatioraverage. The NIC-based results, on the other hand, were
Once initiated, however, the NIC-based algorithm avoidsquite consistent
process interference throughout the execution of the reduc- To further illustrate this point, Figuré 113 shows a
tion. As a result, our NIC-based reduction implementation distribution graph of the latencies recorded for NIC-based
is only marginally affected by the system noise when and host-based 64-bit floating-point addition of a single-
compared to the host-based results. element vector over 900 nodes. Unlike measurements for
the average reduction latency, to obtain this distribution,
E. Consistency Measurements 100,000 reduction invocations were timed individually,
Because NIC-based reductions avoid much of the pro2nd the resulting set was binned to yield a histogram.
cess interference that host-based implementations are sub- Note that the NIC-based latencies are largely contained
ject to, NIC-based reductions execute with more consistentvithin a sharp spike, while the host-based latencies are

(b) 64-bit floating-point addition
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faced was the slow speed and limited functionality of
the NIC processor. Overcoming these obstacles involved
designing a family of algorithms for a range of problem
configurations, deriving a communication and computation
model to select from among them, and implementing
IEEE-compliant floating-point operations on an integer-
only processor. We illustrated how NIC-based reductions
gain efficiency over host-based versions by eliminating
data transfers between the host and the network, as well
as by avoiding host-level process interference. We found
that NIC-based reductions outperform host-based versions
in two important ways: reduced latency and increased
consistency.

Our experimental results demonstrate low latency
and impressive scalability. In the largest configura-
tion tested—1812 processors—our NIC-based algorithm
summed single-element vectors of 32-bit integers and 64-
bit floating-point numbers in 73 and 11s, respectively.

70}; hese results represent respective improvements of 121%
and 39% over the host-based, production-level MPI li-
brary. In addition, the standard deviations in timings for
the NIC-based reductions were as much as two orders of
magnitude smaller than the host-based equivalents.
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Fig. 13. Reduction Latency Distributions for Single-Element 64-bit
Floating-Point Addition over 900 Nodes

spread across a wide range of values. To be precise, 9
of the NIC-based reductions fall with a spread of only
4us, while for host-based reductions, only 57% fall within
a spread of 20s. Indeed, a substantial percentage of host-
based latencies extend far beyond the right-hand limit of
the graph. After discarding the highest 1% of the samples,
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process interference imposes on host-based reduction im-
plementations. Even when the lowest recorded host—baseql]
latency is faster than the lowest recorded NIC-based
latency, the spread in host-based latencies often pushes
its average higher. In this case, for example, the average
host-based latency, at 89, is substantially higher than
the NIC-based average, at &l By avoiding host-level
process interference, we found that NIC-based reductions!
are able scale significantly better than host-based versions.

[2

VIl. CONCLUSIONS

Modern cluster interconnects provide programmable [4]
processors and local memory on the network interface
card (NIC). We successfully exploited these features in the [5]
Quadrics QsNet to implement reduction algorithms on the
NIC, as opposed to the host processor where reductions
are traditionally performed. The biggest challenge we
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